This paper estimates food Engel curves using data from the first wave of the Survey on Health, Aging and Retirement in Europe (SHARE). Our statistical model simultaneously takes into account selectivity due to unit and item nonresponse, endogeneity problems, and issues related to flexible specification of the relationship of interest. We estimate both parametric and semiparametric specifications of the model. The parametric specification assumes that the unobservables in the model follow a multivariate Gaussian distribution, while the semiparametric specification avoids distributional assumptions about the unobservables.
INTRODUCTION
Starting with the pioneering work of Engel (1857) , the link between household food expenditure and household income, or food Engel curve, has been one of the most investigated economic relationships. The study of Engel curves, however, is subject to a number of problems that are still unsettled.
First, there are theoretical and empirical reasons for avoiding the assumption that observed household income is exogenous. According to economic theory, household income is an outcome of the utility maximization problem faced by the household because it reflects choices, such as labor and saving decisions by its members, that are jointly made with consumption expenditure decisions (see, for example, Blundell et al., 2007) . Problems of endogeneity also arise because measuring household income is not easy and may be subject to error (Hausman et al., 1991; Newey, 2001) . In either case, estimation of the parameters of an Engel curve requires the availability of a suitable set of instruments to control for endogeneity bias.
Second, recent developments in the nonparametric literature have emphasized the importance of relaxing strong parametric assumptions about the shape of Engel curves. Popular models of consumer demand, such as the Almost Ideal Demand System (AIDS) of Deaton and Muellbauer (1980) and the Translog of Jorgenson et al. (1982) , force budget shares to be linear in the logarithm of household income. The Quadratic AIDS (QUAIDS) of Banks et al. (1997) generalizes the above systems by allowing the effect of household income to be nonmonotonic but still parametric. More recent studies by Blundell et al. (2003 Blundell et al. ( , 2007 and Imbens and Newey (2009) focus on nonparametric methods to capture the observed patterns of consumer behavior for certain categories of consumption expenditure.
A third problem that plagues empirical studies based on survey data is nonresponse. It is important to distinguish between two types of nonresponse. The first-unit nonresponse-occurs Third, we simultaneously address issues of flexible specification of the regression function of interest and problems of nonresponse and endogeneity by using an extended sample selection model where a partially linear specification of the food Engel curve is subject to selectivity due to unit and item nonresponse and endogeneity of household income. Our model is closely related to the sample selection model analyzed by Das et al. (2003) (henceforth DNV). The main difference with respect to DNV is partial observability of one of the selection indicators, as item response behavior cannot be observed for those who are unit nonrespondents. We focus attention on two alternative specifications of the model, one parametric and the other semiparametric. The parametric specification is easy to estimate but relies on the strong assumption that the unobservables in the model follow a multivariate Gaussian distribution with zero mean and nondiagonal covariance matrix. The semiparametric specification is more appealing, for it avoids distributional assumptions.
The remainder of this paper is organized as follows. Section 2 describes our data. Section 3 presents the statistical model that we use to estimate the food Engel curve under endogeneity of household income and selectivity due to unit and item nonresponse. Section 4 describes our empirical results. Finally, Section 5 offers some conclusions.
DATA
Our data are from Release 2.1 of the first wave of the Survey of Health, Aging and Retirement in Europe (SHARE), a multidisciplinary and cross-national biannual household panel survey coordinated by the Mannheim Research Institute for the Economics of Aging (MEA). The survey collects data on health, socio-economic status, and social and family networks for nationally representative samples of elderly people in the participating countries.
The first wave, conducted in 2004, covers about 19,500 households and about 28,500 individuals in 11 European countries (Austria, Belgium, Denmark, France, Germany, Greece, Italy, the Netherlands, Spain, Sweden and Switzerland). The target population consists of people aged 50 and older living in residential households, plus their (possibly younger) spouse/partner. National samples are selected through probability sampling, but sampling procedures are not completely standardized across countries. We only consider the countries (Denmark, Italy, the Netherlands, Spain, and Sweden) for which the sampling frame contains basic information on the individuals selected for interview, namely their gender and year of birth. The interview mode adopted by SHARE is computer-assisted personal interviewing (CAPI), supplemented by show-cards and a self-administered paper-and-pencil questionnaire. Except for Denmark, all national samples consist of a main sample (on average about 80% of the total sample) and a vignette sample (the remaining 20%).
1 For the vignette sample, who were interviewed later than the main sample, a section of the self-administered questionnaire was replaced by one with anchoring vignette questions.
2
Like most other sample surveys, the first wave of SHARE is affected by substantial unit nonresponse. Table I presents summary statistics on survey participation. Of the 15,895 households selected for interview, only 8750 agreed to participate, corresponding to an unweighted household response rate of 55%. Household response rates vary considerably by country and sample type, ranging from a minimum of 47% for the Swedish main sample to a maximum of 67% for the Danish main sample. As for the reasons for household nonresponse, refusal to participate represents about three-quarters of the cases, noncontact about one-quarter. For the households that agreed to participate in the survey, the SHARE interview collects data on household consumption expenditure through retrospective open-ended questions on three consumption categories (food at home, food outside home, and phone) and on total nondurable consumption. These questions are asked of a single 'household respondent', namely the eligible person who is most knowledgeable about housing matters. We focus on the food share, namely the ratio of household food expenditure to total household income.
3 Both the numerator and the denominator of the ratio are generated variables; that is, they are not asked directly but are obtained by aggregating a number of separate components. Food expenditure in the numerator is obtained by adding up household expenditure on food at home and outside home, whereas total household income in the denominator is obtained by aggregating 19 income components collected at the individual level and six income components collected at the household level. Table II summarizes the complex process underlying item nonresponse by providing the unweighted item response rates on food expenditure, total household income, and food share by country and sample type. These generated variables are regarded as missing if any of their components is missing. Based on this definition, the cross-country average of item nonresponse rates is 18% for food expenditure, 64% for household income, and 68% for the food share, with considerable variation across countries. In particular, the item nonresponse rate on food share ranges from a minimum of 57% in Denmark to a maximum of 77% in Spain. Overall, the complete-case subsample consists of 2805 households.
The most important reason for missing data on food share is item nonresponse to questions about income components. This reflects two problems. The first is simply the large number of income components considered in SHARE. The second arises because, according to the SHARE fieldwork rules, a household with two spouses is considered as interviewed if at least one of them agrees to participate. If the other does not, then household income must be imputed because the incomes of the nonresponding spouse are missing. This 'missing spouse problem', which affects 26% of the households in the survey, induces a negative correlation between the indicators of unit and item nonresponse.
The public-use SHARE data include a set of weights to account for unit nonresponse and a set of imputations to account for item nonresponse. The weights are constructed using the calibration methodology of Deville and Särndal (1992) , while the imputations are constructed using the multivariate iterative procedure of Buuren et al. (2006) , which attempts to preserve the correlation structure of the imputed data. The validity of these ex post statistical adjustments relies crucially on the assumption that the missing data mechanism underlying unit and item nonresponse are MAR after conditioning on a suitable set of auxiliary variables. The set of auxiliary variables used to calibrate the weights consists of gender and age class of the sampled household member. 4 For imputations, a much larger set of auxiliary variables is used, as one can exploit the additional information collected in other parts of the interview.
STATISTICAL MODEL
Our statistical model is closely related to the extended sample selection model presented in Section 2.4 of DNV and further extended in Klein et al. (2010) . Both models involve multiple selection mechanisms and allow for endogeneity, with the relationship between the endogenous variables specified as a triangular simultaneous equation system. The main difference between our model and the one in DNV is the nature of the sample selection mechanism. In DNV, all selection indicators are observed. In our case, individuals selected for interview first decide whether to participate in the survey and then, given participation, they decide whether to answer the questions on income and food expenditure. Thus item nonresponse can only be observed for those who are unit respondents. Another difference is that, to avoid curse of dimensionality problems, we restrict the way endogenous variables enter the model by making index function assumptions and by imposing a partially linear structure on the food Engel curve.
Model Specification
We assume that our data are a random sample from a model with four latent endogenous variables representing, respectively, the willingness to participate in the survey (Y whereˇj is a vector of k j unknown parameters, X j is a vector of exogenous variables and U j is a random error. The fourth latent variable obeys instead the partially linear model
whereˇ4 is a vector of k 4 unknown parameters, X 4 is a vector of exogenous variables, g is an unknown smooth function and U 4 is a random error. Equation (1) allows for flexible income effects and includes as special cases well-known parametric specifications of the Engel curve. For example, when the function g is linear we obtain the specification adopted in the AIDS, and when g is quadratic we obtain the specification adopted in the QUAIDS. Equation (l) could be further generalized to allow for more flexible household composition effects while retaining consistency with the integrability conditions of consumer theory. An example is the extended partially linear model of Blundell et al. (2003 Blundell et al. ( , 2007 , where an index of the socio-demographic variables in X 4 enters the unknown function g.
The observed endogenous variables are related to the latent endogenous variables through different observational rules. The observed indicator of unit response, Y 1 , is equal to one for those with a positive willingness to participate in the survey, and is equal to zero otherwise. Similarly, the observed indicator of item response on food share, Y 2 , is equal to one for those with a positive willingness to answer the questions on income and food expenditure, and is equal to zero otherwise, but is only available for those with a positive willingness to participate in the survey, namely those with Y 1 D 1. Finally, one observes household income Y 3 and food share Y 4 only for those who are willing to participate in the survey and to answer the questions on income and food expenditure; that is,
Selectivity and endogeneity operate through the correlations between the unobservable errors. In particular, for the Engel curve (1), selectivity due to unit and item nonresponse is captured by the correlation of U 4 with U 1 or U 2 , while endogeneity is captured by the correlation of U 4 with U 3 .
Our aim is to obtain consistent estimates of the parameters in the Engel curve (1) from the subsample of complete cases, namely those for which Y 1 Y 2 D 1. Because of the potential correlation between the unobservables in the model, we have
where j Dˇ> j X j , j D 1, 2, 3, 4, and
The functions h and l are bias correction terms that account, respectively, for sample selection in the equation for household income, and sample selection and endogeneity in the Engel curve relationship. Ignoring these terms would lead to inconsistent estimates of the parameters of interest. Our approach to estimation is a simple generalization of the classical Heckman's two-step procedure (Heckman, 1979) and uses estimates of h and l as control functions to correct for both sample selection and endogeneity.
Although assumptions on the distribution of the error terms are not the main concern when estimating ordinary regression models, they play a crucial role when estimating models with sample selection. Semiparametric approaches avoid imposing distributional assumptions by leaving the functions h and l unspecified. The two functions are treated as infinite-dimensional nuisance parameters and are estimated together with the other parameters of interest. Parametric approaches instead assume that h and l are known up to a finite-dimensional parameter vector. Although analytically tedious to derive, the parametric approach provides a useful benchmark for our semiparametric estimators. It also helps in the development of semiparametric specifications which nest the parametric ones and allow easy ways of testing the underlying distributional assumptions.
Our parametric specification assumes that the error vector U D U 1 , U 2 , U 3 , U 4 follows a multivariate Gaussian distribution with zero mean and nondiagonal covariance matrix. Under this assumption, Poirier (1980) showed that
where 3 is the standard deviation of U 3 , jk is the correlation coefficient between U j and U k , and
with Ð and  Ð denoting the density and the distribution function of the N 0, 1 distribution, and  2 Ð, Ð; denoting the distribution function of the bivariate Gaussian distribution with zero mean, unit variances and correlation coefficient . Note that h j 1 , 2 reduces to the usual inverse Mill's ratio when 12 D 0. The form of the function l is slightly more complicated because of the correlation 34 between U 3 and U 4 . One can show that
where jjk is the standard deviation of the conditional distribution of U j given U k , jkjs is the conditional correlation of U j and U k given U s , and l j has the same form as h j with 12 replaced by 12j3 and j by
Identification
The sequential structure of the model facilitates its identification. It is sufficient that, at each stage, there exists at least one variable that does not affect the outcomes at later stages. The index 1 is always identified up to location and scale, provided the conditions in Manski (1988) are satisfied. Identification of 2 in the item response equation requires that X 1 contains at least one variable that is not contained in X 2 (Lee, 1995) . The same set of exclusion restrictions is needed for parametric identification of the model (Meng and Schmidt, 1985) . As long as 1 and 2 are identified from the two selection equations, they can be used to identify 3 in the equation for household income. The unrestricted form of the bias correction term h requires that X 1 and X 2 each contains at least one variable that is not contained in X 3 . As shown by DNV, this condition is sufficient to identify 3 up to an additive constant. This set of exclusion restrictions is not necessary for parametric identification of the model, as 3 could in principle be identified through the nonlinearity of h 1 and h 2 in (4). Because these terms may be linear over a wide range of their arguments, this way of achieving identification is not very appealing. Thus exclusion restrictions 6 The proof is available from the authors on request.
are also crucial in the parametric case. Finally, given 1 , 2 and 3 , we can identify 4 and the function g in the Engel curve up to an additive constant. The unrestricted form of the bias correction term l further requires that X 1 , X 2 and X 3 each contains at least one variable that is excluded from X 4 .
Our set of exclusion restrictions guarantees identification of all the model parameters except the intercepts. Those in the two selection equations can be absorbed into the unknown distribution functions of the error terms and are not separately identified. This means that some location restriction is needed on either the distributions of U 1 and U 2 , or on the systematic part of the two selection equations. The first alternative is complicated when the errors are correlated, so we follow Melenberg and van Soest (1996) and set the intercepts inˇ1 andˇ2 to their parametric estimates. Under certain conditions, the intercepts inˇ3 andˇ4 can be identified through the concept of identification at infinity (Heckman, 1990) and estimated through generalizations of the approach developed by Andrews and Schafgans (1998) . In our empirical application, we avoid the problem by focusing on the weighted average derivative of the function g. This is an important parameter to consider because it provides a measure of the average slope of the Engel curve.
Predictors and Exclusion Restrictions
A unique feature of SHARE is the detailed information it offers on the sampling frame, the survey agencies, and the fieldwork. By matching these three sources, the variables available to predict unit nonresponse include background characteristics of the household members selected for interview (years of age and gender), interviewers' characteristics (years of age, gender and years of education), and characteristics of the fieldwork. For households approached by more than one interviewer, we always use the information on the first interviewer. This helps avoid problems of endogeneity of interviewer-level variables that may arise because of the widespread fieldwork strategy of switching to more experienced interviewers when there are difficulties in making contact and gaining respondents' cooperation.
For responding households, we can relate item nonresponse to socio-demographic characteristics and measures of cognitive ability of the respondents, features of the data collection process and characteristics of the interviewers. Our set of socio-demographic characteristics includes age, gender, years of education and marital status of the household respondent, age of the partner, household size, number of children aged less than 18 years, and an indicator for living in small cities. Cognitive abilities of the household respondent are measured by the scores obtained in the mathematical, orientation in time, recall, and fluency tests carried out during the SHARE interview. We also include measures of the burden of the interview, namely indicators for proxy interviews, interviews conducted outside home, and cases where the household respondent often asked for clarification. Identifiability of the parameters in the equation for item nonresponse is achieved by assuming that the fieldwork variables (the dummies for the vignette sample and the Swedish supplementary sample, the measure of delay in the contact process, and the dummy for the presence of an answering machine) help explain household survey participation but not item nonresponse on food share.
The right-hand side variables in the reduced-form equation for household income consist only of socio-demographic characteristics and measures of cognitive ability of the respondents. As suggested by Fitzgerald et al. (1998) and Nicoletti and Peracchi (2005) , interviewers' characteristics and features of the fieldwork and the interview process provide the required set of exclusion restrictions. Since these variables are external to the individuals under investigation and are not under their control, one may expect them to be irrelevant for household income and food share. On the other hand, results from several validation studies suggest that these variables are important predictors of both unit and item nonresponse.
Finally, the right-hand-side variables in the Engel curve equation consist only of log household income and socio-demographic characteristics. In this case, identification is attained by excluding the measures of cognitive ability of the household respondent. This corresponds to the reasonable assumption that, after controlling for education of the household respondent, his/her cognitive abilities help predict household income but do not help predict the food share.
Given the high level of comparability of the SHARE data, we pool data from the various countries but include country dummies interacted with NUTS1 regional indicators to capture unobserved heterogeneity at the country and regional level. Pooling the data allows us to increase efficiency of estimation and helps reduce problems of collinearity due to the limited within-country variability of variables such as the characteristics of the fieldwork and the interviewers. Definitions and summary statistics of all relevant variables are presented in Table III . After dropping a few cases with missing data on the covariates, our estimation sample consists of 15,643 households, of which 8565 (55%) agreed to participate in the survey and 2777 (18%) provided the information needed to compute the food share.
Estimation
Estimation is carried out in three steps. In the first step, we estimate the parameters of the unit and the item nonresponse equations using the semi-nonparametric (SNP) approach proposed by Gallant and Nychka (1987) . 7 The resulting estimator generalizes the conventional maximum likelihood (ML) estimator for the bivariate probit model with sample selection by relaxing the assumption that U 1 and U 2 are jointly Gaussian.
In the second step, we estimate equation (2) for household income accounting for sample selection due to unit and item nonresponse. In the Gaussian case, this step coincides with the second step of the procedure developed by Poirier (1980) and Ham (1982) , with the bias correction term h specified as in (4). In the semiparametric case, h is instead approximated by a power series estimator. Following DNV, we use series estimators because of their relative simplicity and computational advantage, although kernel regression methods could alternatively be used (Robinson, 1988) .
Finally, in the third step, we estimate the conditional mean (3) accounting for both sample selection due to nonresponse and endogeneity of household income. In this case, the parametric approach leads to a simple ordinary least squares (OLS) regression based on a known functional form for g and the specification (5) for l. Our semiparametric approach instead uses series estimators for both g and l. In addition to the fully parametric and semiparametric approaches, we also consider intermediate approaches in which only one of the two functions is estimated nonparametrically. More details on our three-step procedure are provided in the Appendix.
EMPIRICAL RESULTS
We present the results separately for each of the three steps of our estimation procedure.
First Step
Tables IV and V show the estimates of the parameters in the unit and item nonresponse equations. The two equations are estimated jointly by ML probit and by our SNP estimator. For the latter, we considered four alternative specifications obtained by varying the degree K of the Hermite polynomial expansion (5) in the Appendix. For brevity, we present the results for the most parsimonious specification with K D 3, 3 , which is the one selected by BIC. In Section 4.4 we discuss the sensitivity of our three-step estimator to the choice of K.
The estimated coefficients from the probit and the SNP estimators are not directly comparable, because in the former the variances of U 1 and U 2 are normalized to one, while in the latter they are unconstrained functions of the Hermite polynomial parameters in . Thus we compare ratios of the estimated coefficients, dividing the coefficients in the equation for unit nonresponse by the coefficient on the variable that measures delay in the contact process, and the coefficients in the 
Note:
The models are estimated jointly with those presented in Table V . Asterisks denote a Ł p-value between 5% and 1%, and a ŁŁ p-value below 1%). Results are based on the normalization jˇd elay j D 1. Standard errors of normalized coefficient are computed through the delta method. T 1 is the likelihood ratio statistic for testing Gaussianity and has 1 d.f. Sample size n 1 D 15, 643. equation for item nonresponse by the coefficient on the dummy for being single. The standard errors of these ratios are computed through the delta method.
Other things being equal, we find that the probability of survey participation falls with the age of the sampled household member and is significantly lower for households without an answering machine and for those belonging to the Swedish supplementary sample. Interviewers' characteristics are important predictors of survey participation. Being approached by a female interviewer significantly increases the probability of participation. We also find that participation is associated positively with the interviewer's age and negatively with the interviewer's years of education. The estimated coefficients on the country dummies and their interactions with the regional indicators further suggest an important role for unobservable regional differences in sample composition and fieldwork strategy. The assumption that the error in the unit nonresponse equation is Gaussian is rejected at the 1% level by a likelihood ratio test which compares univariate versions of the SNP and probit models, as in Gabler et al. (1993) . According to our preferred SNP specification, the estimated error density exhibits significantly lower kurtosis than the standard normal distribution.
For item nonresponse on food share, we find significantly lower response probabilities for households living in small cities or with a female household respondent. Response probabilities are also negatively associated with the age of the household respondent and with the household size, and positively associated with the scores on the cognitive ability tests and the age of the 
The models are estimated jointly with those presented in Table IV . Asterisks denote a Ł p-value between 5% and 1%, and a ŁŁ p-value below 1%). Results are based on the normalization jˇs ingle j D 1. Standard errors of normalized coefficient are computed through the delta method. T 2 is the likelihood ratio statistics for testing Gaussianity and has 1 d.f. Sample size n 2 D 8565.
partner. As for the characteristics of the interviewer and the interview process, we find that response probabilities are positively associated with the age of the interviewer and are higher for interviews with a proxy respondent. After controlling for our large set of covariates, we still find that unobserved heterogeneity at the regional level plays an important role. The assumption that the error in the item nonresponse equation is Gaussian is rejected at the 5% level for the specification with K 2 D 4, but not for the more parsimonious specification with K 2 D 3. In our preferred SNP specification, the estimated error density is characterized by significantly positive skewness. The estimate of the correlation coefficient 12 between U 1 and U 2 is always negative and significantly different from zero. This is likely to reflect the effect of the missing spouse problem discussed in Section 2. However, point estimates are subject to sizable differences across specifications, ranging between 0.86 in the probit specification and 0.36 in our preferred SNP specification. These differences suggest that departures from Gaussianity push the estimated correlation coefficient toward the lower bound of its parameter space. This feature of the ML probit estimator becomes a real problem when estimating the model separately by country. On the other hand, the SNP estimates of 12 are always reasonably far from their lower bound.
Second Step
Table VI compares four alternative approaches to estimating the reduced-form equation for household income. The first two approaches correspond to the widespread practice of treating the missing data mechanism as MCAR or MAR. The column labeled Model 1 presents the results for a linear model estimated by OLS using only the complete cases. This model simply ignores unit and item nonresponse by implicitly assuming that the underlying missing data mechanism is MCAR. The column labeled Model 2 presents weighted OLS estimates of a linear regression model estimated on the completed data (complete cases plus imputations). In this case, the underlying missing data mechanism is assumed to be MAR after conditioning on the auxiliary variables employed in constructing the weights and the imputations. The columns labeled Model 3 and Model 4 present the estimates for two alternative specifications where the missing data mechanism is allowed to be NMAR. The two specifications differ in the assumptions about the distribution of the unobservables. Model 3 corresponds to the parametric specification that uses the first-step estimates of the bivariate probit model with sample selection and the Gaussian bias correction terms in (4). Model 4 corresponds instead to the semiparametric specification that uses the first-step estimates of the SNP model with K D 3, 3 and the power series expansion (8) in the Appendix (with R D 1) to approximate the unknown function h. We explored all the semiparametric specifications that can be obtained by combining powers and interactions of the leading terms h 1 and h 2 up to third order. Using leave-one-out cross-validation as model selection criterion, our preferred specification includes only the leading terms h 1 and h 2 . Accordingly, we cannot reject Gaussianity of the conditional distribution of U 3 given U 1 and U 2 .
Other things being equal, we find that household income falls with the age of the household respondents and his/her spouse, and is significantly lower if the household respondent is single. We also find that household income is positively associated with the size of the household and with the education and the cognitive abilities of the household respondent. As for country and regional differences, we find significantly lower income levels for Spain and the southern Italian regions.
In the Gaussian specification of our sample selection model, the selectivity effects of unit and item nonresponse are both significantly different from zero and have opposite sign (positive for unit nonresponse and negative for item nonresponse). A Wald test on the joint significance of the two bias correction terms rejects the null at the 5% level. In our preferred semiparametric specification, the selectivity effects of unit and item nonresponse are somewhat weaker, and only the term corresponding to item nonresponse is statistically significant.
Third Step
Table VII compares four alternative approaches to estimating the relationship of primary interest, namely the food Engel curve (3). The first two approaches correspond to the widespread practice of ignoring endogeneity of household income and treating the missing data mechanism as MCAR or MAR. The column labeled Model 1 presents the results for a partially linear model estimated using only the complete cases under the assumption that the missing data mechanism is MCAR. The column labeled Model 2 presents the results for a partially linear model estimated using the completed data and the survey weights under the assumption that the missing data mechanism is MAR. In both cases, the unknown function g is estimated by a power series estimator with leave-one-out cross-validation as model selection criterion.
The columns labeled Model 3 and Model 4 account for endogeneity of household income and allow the missing data mechanism to be NMAR, but differ in the assumptions about the distribution of the unobservables. Model 3 assumes a multivariate Gaussian distribution for the latent errors and uses a power series estimator for g. Model 4 uses instead the first-step estimates of the SNP model with K D 3, 3 , the semiparametric second-step estimates of the reduced form residuals, and power series estimates for both g and l. All power series estimators employ polynomial expansions up to fourth-order and leave-one-out cross-validation as model selection procedure. In Model 4, the additivity restriction on g and l is imposed by excluding interaction terms between log household income Y 3 and each of the leading terms l 1 , l 2 and U 3 .
Several features of the estimated models are worth noting. First, for all of them, leaveone-out cross-validation leads to the choice of a cubic approximation to the function g, thus rejecting traditional specifications of the food Engel curve, such as the linear and the quadratic adopted by AIDS and QUAIDS. Second, our parametric estimates show little evidence of selectivity or endogeneity, as none of the coefficients on the Gaussian bias correction terms is statistically significant. Third, our semiparametric estimates show instead evidence of selectivity and endogeneity, as the higher-order terms are statistically significant. Thus we also reject Gaussianity of the conditional distribution of U 4 given U 1 , U 2 and U 3 . Since interpretation of the polynomial coefficients is difficult, we investigate the implications of the various models for the shape and the average slope of the food Engel curve. The estimated WAD of a similar model which uses the completed data but not the survey weights is 0.18 with a bootstrap standard error of 0.002. This suggests that imputations and survey weights both play some role for the nonresponse adjustments from Model 2. The fact that the standard errors for the estimates from Model 2 are low is due partly to the much larger sample size, as missing values are replaced by imputations, and partly to the fact that we ignore the additional uncertainty caused by imputation. The parametric estimates from Model 3 lead to a profile of the Engel curve derivatives which is not statistically different from that obtained from Model 1. In this case, the estimated WAD is 0.14 with a bootstrap standard error of 0.044. After relaxing the Gaussianity assumption, we find instead a much flatter profile of the Engel curve derivatives. Note that the estimates from Models 1 and 2 are downward biased because of endogeneity of household income. A semiparametric instrumental variable (IV) correction of Model 1 gives indeed an estimated WAD of 0.09 with a bootstrap standard error of 0.034. After correcting for both endogeneity of household income and selectivity of unit and item nonresponse, the estimated WAD from Model 4 is instead 0.11 with a bootstrap standard error of 0.036. Thus our semiparametric corrections for endogeneity and nonresponse have opposite sign and they partly offset each other. The estimates of our sample selection models are then closer to the estimates of Model 1, which completely ignores endogeneity and nonresponse, than to the estimates of Model 2, which ignores endogeneity and uses survey weights and imputations to correct for nonresponse.
Sensitivity Analysis
We now investigate the sensitivity of our estimates to three issues: the choice of the order of the polynomial expansions in the various steps of the estimation procedure, the implications of using a less conservative definition of item nonresponse on income, and the importance of accounting for unobserved country heterogeneity.
As for the first issue, Donald and Newey (1994) suggest that some undersmoothing may help reduce the bias of power series estimators. Thus Figure 2 looks at the effects of undersmoothing by comparing the Engel curve derivatives from the specifications selected by leave-one-out crossvalidation with those from less parsimonious specifications based on a fourth-order polynomial expansion of g. For Model 4 only, we also use K D 4, 4 for the SNP estimator of the two selection equations, R D 2 for the power series estimator of h, and S D 3 for the power series estimator of l. Overall, undersmoothing produces profiles of the Engel curve derivatives that are very similar to those from the specifications selected by leave-one-out cross-validation. The main differences occur for Model 4 where, at high level of income, undersmoothing leads to a steeper profile, thus providing stronger support for the selectivity and endogeneity effects discussed above. However, undersmoothing also leads to larger standard errors. Thus, at these income levels, Engel curve derivatives are not accurately estimated.
As for the second issue, household income is a generated variable obtained by aggregating various income components collected at the individual and the household level. So far, this variable has been regarded as missing if any of its components was missing. This is a very conservative definition of item nonresponse. Income from capital assets is heavily affected by item nonresponse (with item nonresponse rates ranging from 46% for dividend from stocks or shares, to 60% for interest from bank accounts) but, after imputation, income from capital assets represents a relatively unimportant fraction of household income (only 2%). Adopting a less conservative definition, which ignores missing values on this income source, the item nonresponse rate on income decreases from 64% to 45% and the number of complete cases increases from 2805 to 4180. The right-hand-side panel of Figure 3 shows that, with this less conservative definition, our semiparametric estimator leads to a linear profile of the Engel curve derivatives or, equivalently, to a quadratic specification of the food Engel curve. As before, evidence of selectivity and endogeneity effects is only found with the semiparametric specification of the model. As for the third issue, Figure 4 provides some evidence on the importance of accounting for unobserved country heterogeneity by comparing pooled and country-specific estimates of the Engel curve derivatives. The latter have been obtained by estimating each model separately by country. We omit the fully parametric model (Model 3) because of convergence problems with the ML estimator employed in the first step. The profiles of the food Engel curves derivatives differ both across countries and estimation methods. In particular, our semiparametric approach produces more evidence of linearity than the standard approach (Models 1 and 2). Table VIII presents the estimated WAD and their bootstrap standard errors by model and country. Estimates are always negative but not very precise at the country level because of sample size problems. Interestingly, for all estimated models, the average slope of the Engel curve is steepest in Mediterranean countries (Italy and Spain).
CONCLUSIONS
In this paper we consider estimating Engel curves with data from the first wave of a panel survey affected by problems of unit and item nonresponse. Because the first wave of a panel is essentially a pure cross-section, the results that we obtain are valid more generally for cross-sectional data.
Our approach differs from traditional adjustment methods in many respects. First, we simultaneously address issues of selectivity due to nonresponse and issues of endogeneity in the structural relationship of interest, namely the Engel curve for food. Second, we treat the underlying missing data mechanism as NMAR. Third, we jointly model the two types of nonresponse. Fourth, we allow unit and item nonresponse to be correlated. Since assumptions about the distribution of the unobservables play a key role when estimating sample selection models, we consider both parametric and semiparametric specifications of our model. Our empirical results reject the assumption that nonresponse is MAR and therefore question the validity of traditional adjustment methods that rely on that assumption. We provide strong evidence of endogeneity of household income and of country heterogeneity in the shape of the food Engel curve. Our results also confirm the importance of avoiding strong parametric assumptions when estimating models with sample selection. Last, but not least, we illustrate the usefulness of supplementing survey data with information about fieldwork operations and interviewer characteristics. In our approach, this information provides the exclusion restrictions through which we identify a sample selection model with NMAR missing data mechanisms for unit and item nonresponse.
This information could also be useful in other contexts. An example is identification and estimation of treatment effects in observational or experimental studies with nonignorable nonresponse among the treatment and the control units. In this case, nonresponse may be viewed as a posttreatment complication that requires the availability of some instruments which, by definition, must be related to the missing data process but unrelated to the outcome of interest. If the instruments are interpreted as additional treatment variables, then they are also required to be randomized conditional on a vector of exogenous variables (Mealli and Pacini, 2008) . This assumption is not easily satisfied if the candidate instruments consist of characteristics of the units that may be correlated with either the outcome of interest or the missingness indicator. Unlike other instruments, fieldwork operations and interviewer characteristics have the advantage that they can be controlled by the survey designer and so can easily be randomized. Another argument in favor of these instruments is the possibility of imposing credible monotonicity restrictions on the missing data process to achieve either partial or point identification of the causal effect of interest.
APPENDIX: DETAILS OF THE THREE-STEP ESTIMATION PROCEDURE

First Step
The log-likelihood function for a random sample of n observations is
where, dropping for simplicity the suffix i,
with F 1 , F 2 and F denoting, respectively, the unknown marginal distribution functions of U 1 and U 2 and their joint distribution function. Following Gallant and Nychka (1987) , we approximate the joint density f of the latent errors by an Hermite polynomial expansion of the form
where K u 1 , u 2 ; is a polynomial of order K D K 1 , K 2 in u 1 and u 2 , is a vector of K 1 K 2 unknown parameters, and K is a normalization factor which ensures that f Ł is a proper density. This polynomial expansion can approximate densities with arbitrary skewness and kurtosis, but not violently oscillatory densities or densities with tails that are either too fat or too thin Nychka, 1987). De Luca (2008) shows that, after imposing some identifiability restrictions, integrating the joint density (7) gives the following approximation to the joint distribution function of U 1 and U 2 : The SNP estimator of (ˇ1,ˇ2, ) is obtained by maximizing the pseudo log-likelihood function (6), with the unknown distribution functions replaced by their approximations F Ł , F Ł 1 and F Ł 2 . Gallant and Nychka (1987) show that the resulting estimator is p n-consistent provided that the
